Length of hospital stay (LOS) is of primary importance in health services research because it is directly related to health care management and cost of health care. In some epidemiological settings the actual length of stay is not directly observed but it is known to have happened in a particular interval or for simple epidemiological interpretation time is categorized into ordered categorical responses. In this paper, we focus our attention on cumulative regression models for ordinal responses to analyze length of hospital stay for children admitted to a paediatric ward for malaria. Such models exploit the ordered scale of the outcomes. We approach our analysis using a Bayesian probit model. 
Introduction

25
In heath services research, length of hospital stay (LOS) is of primary importance 26 because it is directly related to health care management [1] and cost of health care
27
[2], and research in this area is ongoing [3] [4] [5] [6] [7] . Several methods have been proposed the same data. A study by Carely [13] fitted multilevel models to examine patient and 39 hospital characteristics associated with LOS.
40
For virulent and infectious diseases, like malaria, the demand and costs for health 
obtained through the threshold mechanism where the density of Z is divided into slices
with thresholds −∞ = θ 0 < θ 1 < . . . < θ k = ∞. Assuming the error variable ε has the 102 distribution function F , then Y obeys a cumulative model.
where η is the predictor. 
For identifiability one of the thresholds is set to zero and an intercept is included in 108 the model as a fixed effect. Normally the last category is set to zero, i.e θ k = 0. The 109 predictor η is specified for each child i as 
Finally, for the spatial components s i , we assign a Markov random field (MRF) prior
138
[25]. This is analogous to random walk models. The conditional distribution of s, given 
where i ∼ j denotes that area i is adjacent to j, and assumes that parameter values 
with an appropriate penalty matrix K j . Its structure depends on the covariate and with hyperparameters a j , b j chosen such that this prior is weakly informative.
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All these priors can be equivalently rewritten in form of the general prior
where K − is an appropriate penalty matrix. Since K is often not of full rank, then
155
f |τ 2 follows a partially improper Gaussian prior
where K is a generalized inverse of the penalty matrix K. and γ is a vector of all fixed effects, then the posterior is given by
where p(y|α, γ, Z) is the likelihood function for the data given parameters and Efficiency is guaranteed by Cholesky decomposition for band matrices [26] .
172
The full conditional γ|· for fixed effects with diffuse priors is Gaussian with mean
and covariance matrix
where U is the design matrix of fixed effects andη is the part of the additive predictor 175 associated with the other factors in the model such as nonparametric terms. Similarly, 176 the full conditional for the regression functions f j is Gaussian with mean
The Data
180
The data presented here were from 3937 patients, diagnosed of malaria, in a paediatric season, day, referral and outcome are evident in the Table. 193
We proposed use of ordinal probit regression models, where our interest was to model 194 the duration of stay being "within 1 day" or "between 2 days up to 3 days" or "more 
The predictor of the model for "probability of staying" has the form
199
In this model we estimate fixed effects only, and is therefore considered as the null :
The time components are assumed linear. The last model M 3, we fit a spatial semi-
212
parametric model with age of the child, distance to the facility and time assumed 213 nonlinear and the rest of the variables assumed fixed,
For the nonlinear effects we use a second-order random walk prior (Eq. 6). Model 
Model comparison and Sensitivity analysis 219
The four model were compared using the Deviance Information Criterion (DIC) [29] .
220
The DIC is defined as however, the result is not significant.
262
The calendar time effects evidently showed changing seasonal effects in length of 
293
The cumulative model may also be used for timely assignment of an estimated date 294 of discharge [17; 18]. Using the threshold estimates (θ j ), one is able to estimate the 295 probability of discharge within 1 day, or within three day or more ( Shown are the caterpillar plots of posterior means (circles), with 80% error bars.
